A multivariate ultrastructural measurement error model is considered and it is assumed that some prior information is available in the form of exact linear restrictions on regression coefficients. Using the prior information along with the additional knowledge of covariance matrix of measurement errors associated with explanatory vector and reliability matrix, we have proposed three methodologies to construct the consistent estimators which also satisfy the given linear restrictions. Asymptotic distribution of these estimators is derived when measurement errors and random error component are not necessarily normally distributed. Dominance conditions for the superiority of one estimator over the other under the criterion of Löwner ordering are obtained for each case of the additional information. Some conditions are also proposed under which the use of a particular type of information will give a more efficient estimator.
Introduction
A basic assumption in most of the statistical analysis is that the observations are recorded error-free. In practice, this assumption is often violated and measurement errors creep into the observations. These measurement errors make the results invalid, which are meant for no measurement error case. For example, the ordinary least squares estimator (OLSE) has minimum variance in the class of linear and unbiased estimators in the case of linear regression analysis. The same OLSE becomes inconsistent as well as biased in the presence of measurement errors in the data. It is well known that some additional information from outside the sample is needed to obtain the consistent estimators of regression coefficients. This additional information could be available in different forms in a univariate measurement error model -e.g., either of the measurement error variances associated with explanatory variable or study variable is known, the ratio of measurement error variances or reliability ratio is known etc. See, for example, [1] [2] [3] for more details.
In many situations, some prior information on regression coefficients is available which can be used to improve upon the OLSE. When such prior information can be expressed in the form of exact linear restrictions binding the regression coefficients, the restricted least squares estimator (RLSE) is used. The RLSE is unbiased, consistent, satisfies the given linear restrictions on regression coefficients and has smaller variability around mean than the OLSE when there is no measurement error in the data -see [4, 5] . However, the RLSE becomes inconsistent and biased when the observations are contaminated with measurement errors. The problem of finding the estimators which are consistent as well as which satisfy the linear restrictions in the presence of measurement errors in the data, is addressed in this paper. An iterative procedure for obtaining the estimators under restrictions using total least squares approach is discussed in [6] .
We have considered a multivariate ultrastructural model -see [7] -for the modeling of measurement errors. The measurement errors and the random error component are assumed to be normally distributed in most of the literature. This assumption may not always hold true in many cases. So we do not assume any distributional form of the measurement errors and the random error component. Only the existence and finiteness of the first four moments of measurement errors and random error component is assumed -see, for example, [8, 9] for non-normality effect in a univariate ultrastructural model.
Among the different choices available for the additional information to construct the consistent estimators, the use of covariance matrix of measurement errors and reliability matrix associated with explanatory variables, are the popular strategies in case of a multivariate measurement error model -see, for example, [10] [11] [12] [13] [14] . So we make use of these two types of information, along with the prior information to construct the estimators of regression coefficients that are consistent and satisfy the given linear restrictions. The large sample asymptotic approximation theory is employed to derive the asymptotic distribution of proposed estimators under the specification of an ultrastructural model. The covariance matrices of asymptotic distribution of estimators are compared under the specification of each type of additional information using the criterion of Löwner ordering. When more than one type of additional information is available and can be used to construct the consistent estimators, then the choice of estimators depends on the type of additional information used -see [15] for more details in a univariate ultrastructural model. An attempt is made in this paper to explore which of the two types of additional information yields more efficient estimators. The estimators under the two types of information are compared, and the dominance conditions for the superiority of one estimator over the other are derived under the criterion of Löwner ordering. The effect of departure from the normal distribution of measurement errors and random error component on the asymptotic distribution of the proposed estimators is also studied. A Monte-Carlo simulation experiment is conducted to study the finite sample properties of the estimators, and the effect of departure from normality of the measurement errors on them is also studied.
We would like to discuss the idea of structural equation model (SEM) of which the measurement error models are a particular case. The SEM is used for testing and estimating the causal relationships based on latent variables (indirectly measured variables). The SEM consists of several equations representing the relationships between several endogenous and exogenous variables. The area of SEM has seen an extensive growth in the last three decades and SEM has more advantages than multiple regression models -e.g. SEM has more flexible assumptions, use of confirmatory factor analysis to reduce the measurement error by having multiple indicators per latent variable, ability to test models with multiple dependents, better handling of time series data, autocorrelated data, non-normal data, missing data etc. These are a few of the advantages, among others. Lee [16] discussed the estimation of regression parameters under functional constraints on parameters in SEM by using the generalized least squares estimation -see also [17] . In order to obtain the estimators, the penalty function method [18,19 (p. 156) ] is utilized and an algorithm is proposed to achieve this, followed by a numerical example. Further, Lee and Poon [20] extended the generalized least squares estimation of regression parameters in SEM under a set of inequality and equality functional restrictions, with a different approach. They proposed to fit the model by minimizing the discrepancy between the covariance matrices of regression coefficients based on the data with and without measurement errors. They have not presented any clear analytic form of the estimators but proposed an algorithm to minimize such difference. This optimization approach yields the maximum likelihood estimators when the weight matrix is changed with the parameters from iteration to iteration. This procedure yields more efficient estimators than those obtained by penalty function approach. The efficiency properties of the estimator are not derived analytically, but are analyzed numerically. Lee [21] discussed an issue of testing the validity of restrictions in SEM in the context of robust generalized least squares approach. A new test statistic is proposed which is based on minimizing the discrepancy between the covariance matrices of an identified model and sample covariance matrix. This method is claimed to be less computationally expensive than earlier available methods. The popular software for doing SEM are LISREL (LInear Structural RELations), AMOS (Analysis of MOment Structure), EQS, MPLUS etc. For example, the CO command in LISREL model is used to specify a parameter or an additional parameter to be a function of other parameters of the LISREL model, and the CALIS command in SAS does a similar job but is based on the multivariate normal distribution. The SEM is a complete path model and allows the path analysis by constructing the path diagram. It can also handle the problem of identification in the estimation of parameters, which is one of the crucial problem in measurement error models. The simultaneous equation models can be viewed as a particular case of SEM (see [1, p. 196] ) and has been analyzed in the presence of measurement errors in the literature -see, for example, [22] [23] [24] . For structural equation models in measurement error case, see [25] . The LISREL can also handle the non-normality effect. The papers by Anderson [26, 27] study the functional and structural linear relationships, demonstrate their relationship with SEM, and establish the asymptotic normality of the estimators. The approaches of SEM and measurement error models, in handling the identifiability problem, are not exactly the same. The SEM has a more general approach by putting various types of restrictions on the parameters to make the model identifiable. Use of different types of additional information yields different estimators in measurement error models. Goldberger [28] [29] [30] demonstrated that the errors of measurement need not destroy identifiability, provided that the model is otherwise over-identified. In fact, one can trade-off over-identifying restrictions against the under-identifiability introduced by measurement error. The multivariate measurement error model considered in this paper is a particular case of SEM, in the sense that it takes into account only one structural relationship between one endogenous and several exogenous variables under the influence of measurement errors in the observations. This has been demonstrated briefly in Section 2. A complete bibliography of SEM is out of the objectives of present work. More interested readers are referred to an excellent exposition to SEM under measurement errors in [1, chapter 8] and references cited therein. In the works presented by, for example, Lee [16, 21] , Lee and Bentler [17] and Lee and Poon [20] , a general approach of constructing estimators based on generalized least squares is presented, and these approaches are implemented through different approaches of numerical algorithms. No clear analytic form of the estimators is derived. Since any assumption about the distributional form of either random error, measurement error or any other type of random error is not needed for the estimation of regression parameters in the generalized least squares estimation, so the issues related to the effect of departure from the normal distribution of either the measurement errors or any other types of errors cannot be analytically ascertained. The numerical values of the estimators can only tell the values but do not give any idea about the nature of effect of departure from normality. Other issues like clear analytic form of the estimators, role and effect of choice of weight matrix for the generalized least squares estimation etc,. are not discussed in the literature. This work is an attempt, in this direction, to address these issues. The setup of ultrastructural model which can be expressed in the form of SEM is considered. Some other approaches which differ from the approaches presented in, for example, [16, 17, 20, 21] are presented. These approaches are essentially governed by the choice of weight matrices and provide clear analytic forms of the estimators. Moreover, they do not need any algorithm to estimate the regression parameters. Since the analytical form of the estimators is clear, so the asymptotic covariance matrices clearly pronounces the effect of departure from normality of the distribution of measurement errors.
The plan of the paper is as follows. The multivariate ultrastructural model, exact linear restrictions on regression coefficients and various statistical assumptions are described in Section 2. In Section 3, the construction of consistent estimators which satisfy the given restrictions, is presented. The asymptotic distributions and dominance conditions of the estimators are given in Section 4. The findings from the Monte-Carlo simulation experiment are presented in Section 5. Section 6 contains the concluding remarks followed by the derivation of results in Appendix.
The ultrastructural model and prior information
Let a n × 1 vector of observations on study variable η and a n × p matrix T = (ξ ij ) , (i = 1, 2, . . . , n; j = 1, 2, . . . , p) of n observations on each of the p explanatory variables are related by
where β is a p × 1 vector of unknown regression coefficients. Suppose that the variables η and T are unobservable and can only be observed with a n × 1 vector of measurement errors = ( 1 , 2 , . . . , n ) and a n × p matrix of measurement errors ∆ = (δ ij ) as y = η + and X = T + ∆, (2.2) where y and X are observed values of η and T respectively. Further, assume that ξ ij 's are randomly distributed with mean µ ij and random disturbance φ ij , (i = 1, 2, . . . , n; j = 1, 2, . . . , p). Let M = (µ ij ) and Φ = (φ ij ) be the n × p matrices. Then we can express
We assume that δ ij , (i = 1, 2, . . . , n; j = 1, 2, . . . , p) are independent and identically distributed random variables with mean 0, variance σ 2 δ , third moment γ 1δ σ 3 δ and fourth moment (γ 2δ + 3)σ 4 δ . Similarly, φ ij , (i = 1, 2, . . . , n; j = 1, 2, . . . , p) are assumed to be independent and identically distributed, with first four finite moments given by 0, σ 2 φ , γ 1φ σ 3 φ and (γ 2φ + 3)σ 4 φ respectively. Likewise, assume that i , (i = 1, 2, . . . , n) are independent and identically distributed with first four finite moments given by 0, σ 2 , γ 1 σ 3 and (γ 2 + 3)σ 4 respectively. Here, for a random variable Z , γ 1Z and γ 2Z denote the Pearson's coefficients of skewness and kurtosis of the random variable Z . Further, , ∆ and Φ are also assumed to be statistically independent. These specifications can be relaxed at the cost of slight algebraic complexity but without any conceptual difficulty; see, for example, [10] .
The Eqs. (2.1)-(2.3) describe the set up of an ultrastructural model -see [7, 31] . The structural and functional forms of measurement error model as well as the classical regression model can be obtained as its particular cases. When all the row vectors of M are assumed to be identical, implying that rows of X are random and independent, having some multivariate distribution, we get the specification of a structural model. When Φ is taken identically equal to a null matrix, implying that σ 2 φ = 0 and consequently that the matrix X is fixed but is measured with error, we obtain the specification of a functional model. When both ∆ and Φ are identically equal to a null matrix, implying that σ 2 φ = σ 2 δ = 0 and consequently that X is fixed and is measured without any measurement error, we get the classical regression model. Thus the ultrastructural model provides a general framework for the study of three interesting models in a unified manner.
Suppose some prior information about the regression coefficients is available. Such prior information can be available from different sources, for example, from some extraneous sources, similar kinds of experiments conducted in the past, long association of the experimenter with the experiment etc. Assume that such information can be expressed in the form of J (<p) exact linear restrictions, binding the regression coefficients as r = Rβ, (2.4) where r is a J × 1 known vector and R is a J × p known full row rank matrix.
We also assume that lim n−→∞ (µ n1 , µ n2 , . . . , µ np ) =: σ µ . This assumption implies that lim n−→∞ 1 n M M = σ µ σ µ = Σ µ (say) and lim n−→∞ 1 n M e n = σ µ , where e n is a n × 1 vector of elements unity. This assumption is needed to avoid the presence of any trend in the observations -see [32] and for the existence of the asymptotic distribution of the estimators.
For the sake of completeness, we present, now, how the measurement error model can be viewed in the set-up of structural equation model. We consider, here, the LISREL model in standard notations from [1, chapter 8, p. 194] . We have used asterisk sign ( * ) additionally in the superscript in specifying the model in (2.5)-(2.7), and different variables from the standard LISREL notations just to distinguish between the variables used in this paper and variables under LISREL. The quantities inside the brackets represent the dimension of the vectors. The ith set of LISREL equations connecting the observations on endogenous and exogenous variables is
where η * 
We have additionally assumed the existence and finiteness of third and fourth order moments of δ i , i and φ i .
Consistent estimation of parameters
First we state some basic definitions that are needed to develop the construction of consistent estimators which also satisfy the linear restrictions.
For a matrix B, let (B) ij denote the (i, j)th element of the matrix B. Definition 1. Let {A n : n = 1, 2, . . .} be a sequence of random matrices and let {b n : n = 1, 2, . . .} be a sequence of real numbers. We say that:
where plim denotes the probability in limit. Now we present some results in the following lemma which are used later in this paper.
Lemma 1.
As n → ∞,
The proof of the lemma is omitted.
The ordinary least squares estimator (OLSE) and restricted least squares estimator (RLSE) of β under the classical regression model without measurement errors are
respectively, where S = X X and b R is derived under the restrictions (2.4). Note that b and b R are also the maximum likelihood estimators of β in the classical regression model when measurement errors are absent and disturbances follow a multivariate normal distribution.
and In order to obtain the consistent estimators of regression coefficients in measurement error models, we need some additional information. Here we propose to utilize the following two types of additional information separately, to construct the consistent estimators which also satisfy the linear restriction:
(i) the reliability matrix associated with explanatory variables is known and (ii) the covariance matrix of measurement errors associated with explanatory variables is known.
When reliability matrix of explanatory variables is known
We follow the approach proposed by Gleser [11] for the construction of consistent estimators of the regression coefficients satisfying the linear restrictions under the assumption of a known reliability matrix. The reliability matrix associated with the explanatory variables of the model is defined as Σ
−1
Obs Σ True where Σ Obs and Σ True are the covariance matrices of observed and true values of explanatory variables. Based on this, the reliability ratio in our context can be expressed as
This definition of the reliability matrix in (3.3) is the generalization of reliability ratio in a univariate model in psychometrics literature -see [33, 3, 2, 34] . Gleser [11] suggests estimating the reliability matrix K consistently, say by K X , using some prior information and data on the explanatory variables, and then to use the obtained K X to construct an estimator of β.
We assume that
is known with Σ X :=
Gleser [11] also discusses different ways to estimate the reliability matrix under functional and structural models -see also [12] . He also showed that the knowledge of the reliability matrix makes the measurement error model identifiable and gives the consistent estimators of the parameters as well. The advantage of such an approach based on the reliability matrix is that the classical tools of regression analysis can be employed by a simple transformation on the measurement error-ridden data. We refer the readers to [11,12,2 (p. 139) ] for more details on this approach. It may be noted that when K is known from some outside sample information, even then a consistent estimator of β can be obtained by replacing K X by K in (3.5).
However, b
K is consistent for β but it does not satisfy the given linear restrictions -i.e., Rb
Thus, it is desired to find a consistent estimator of β, which also satisfies the given restrictions (2.4). To achieve this, we propose to minimize (b
K − β) with respect to β, subject to the restrictions Rβ = r and obtain the following estimator: (3.6) where R S = RS −1 R . Such an estimator can be viewed as arising from a two stage restricted regression estimation procedure. In the first stage, we use the method of moments (or maximum likelihood under normality) under the assumption of known reliability matrix which gives b K is consistent for β and satisfies the linear restrictions as well. An alternative strategy to obtain the consistent estimator of β satisfying the restrictions is to utilize the plim b R . Since, as n → ∞,
another consistent estimator of β is obtained by adjusting plim b R as
where
Clearly, plim b
and Rb
K is consistent for β and satisfies the linear restrictions.
Another approach to find the consistent estimator of β satisfying the linear restrictions is to minimize (b
K −β) with respect to β such that Rβ = r. This yields the following estimator K . The second stage involves using the least squares principle to minimize (b
When covariance matrix of measurement errors in explanatory variables is known
We assume that the covariance matrix of measurement errors associated with explanatory variables -i.e., Σ δ = σ 2 δ I p -is known. This essentially reduces to assuming that σ 2 δ is known. It may be noted that the further analysis can also be carried out with Σ δ (without assuming the σ 2 δ I p structure) with suitably defining the coefficients of skewness and kurtosis for a multivariate distribution.
see [3, 14, 35] . Here (S − nσ 
δ is consistent for β, but Rb
(1) δ = r -i.e., it does not satisfy the given linear restrictions (2.4). Therefore, to obtain an estimator of β that is consistent as well as which satisfies the given linear restrictions (2.4), Shalabh, Garg and Misra [35] discussed various approaches. Some are described here for the sake of completeness of paper. Firstly, they propose to minimize he weighted sum of squares due to errors (b
δ − β) with respect to β such that Rβ = r. This yields the following estimator:
δ ), (3.10) where
δ is consistent as well as satisfying the linear restrictions (2.4). This estimator can also be thought as arising from a two stage least squares approach. Use method of moments (or maximum likelihood under normality assumption) under known Σ δ in the first stage which yields b
δ − β) with respect to β under the constraints Rβ = r in the second stage and then b (2) δ is obtained. The estimator b (2) δ can also be obtained by replacing b in b R by b 
Hence the estimator b (3) δ is a consistent estimator of β and it also satisfies the linear restrictions (2.4).
Alternatively, following the two stage least squares procedure to obtain b (1) δ in the first stage and use least squares principle to minimize (b (1) δ − β) (b (1) δ − β) with respect to β, subject to the linear restrictions Rβ = r in the second stage.
This gives the following estimator:
for which plim b (4) δ = β and Rb
δ is also consistent for β and satisfies the linear restrictions (2.4).
Asymptotic properties of the estimators
The exact distribution and finite sample properties of the estimators b
Even if derived, the expressions will turn out to be complicated and it may not be possible to draw any clear inference from them. Moreover, the mean of b (1) δ does not exist under the normal distribution of measurement errors -see [2 (p. 58),36]. So we propose to employ the large sample asymptotic approximation theory to study the asymptotic distribution of the estimators.
where * denotes the Hadamard product operator of matrices and R p×p is the collection of all p × p real matrices.
Let U and V be any positive definite matrices of appropriate order. Define
Now we have the following theorem. 
Theorem 1. The asymptotic distributions of
respectively, wherē
9)
10)
Proof. See Appendix for the proof of theorem.
The quantity N(K ) in (4.14) depicts the non-normality effect on the covariance matrix of the asymptotic distributions of √ n(b In further text, we refer Löwner ordering to the comparison of covariance matrices of the asymptotic distribution of the estimators.
It may be noted that b
K does not satisfy the given linear restrictions (2.4), while b
K and b (4) K satisfy the given restrictions. So it would be interesting to find the conditions under which the use of prior information results gain in efficiency. So, now we compare the restricted estimators b
K , (l = 2, 3, 4) with the unrestricted estimator b (1) K under the criterion of Löwner ordering.
First we compare b
(1)
K is a positive definite matrix, we can write 
is positive (or negative) definite matrix when (I p − Λ) is positive (or negative) definite, which holds true when λ j < (or >)1; ∀j = 1, 2, . . . , p. Therefore b (1) K is less efficient than b (2) K under Löwner ordering when all the eigenvalues of the matrix (Ω (1)
2 are less than unity, and vice versa.
In case (Ω (1)
K is uniformly superior to b (1) K under Löwner ordering. In a similar fashion, it can be found that b (1) K is less efficient than the b (3) K and b (4) K when all the eigenvalues of the
, respectively are less than unity and vice versa. In case K and we find that 
2 are less than unity and vice versa. The uniform superiority of b
It can also be obtained that b (2) K is less efficient than b (4) K under Löwner ordering when all the eigenvalues of the matrix
2 are less than unity and vice versa. Again, in case (Ω (1)
K is uniformly superior to b (2) K under Löwner ordering. Similarly, b (4) K is superior to b (3) K under Löwner ordering when all the eigenvalues of the matrix (Ω (1)
2 are less than unity, and vice versa. The uniform superiority of b
Since the assumption of normality is a popular assumption in the literature, so we present the results of Theorem 1 when measurement errors and random error component follow normal distributions. 
respectively.
The next theorem describes the asymptotic distributions of 26) and The quantity N δ is the contribution of non-normality of distribution of δ ij in the covariance matrices of the asymptotic distributions of
. Clearly the effect of non-normality of distributions of φ ij and i do not affect the asymptotic distribution of the estimators. The magnitude of this effect depends on the skewness and kurtosis of the distribution of δ ij . Now we find the dominance conditions for the superiority of b 
δ over b (2) δ , b
δ , and b (4) δ will give an idea about the role of prior information in improving the estimators.
It is observed that b Another question arises that, given both the information viz. the covariance matrix of measurement errors associated with explanatory variables and reliability matrix of explanatory variables, which information yields more efficient estimator and under what conditions? Such guidelines will help the applied workers in choosing a good estimator, depending on their experimental conditions. To answer this, we analyze the difference of the covariance matrices of asymptotic distributions of 2, 3, 4 ) and obtain the dominance conditions of one estimator over the other under the criterion of Löwner ordering.
Let D (l) denote the difference between covariance matrices of asymptotic distributions of 
K over b (2) δ and b (4) K over b (4) δ are the same. Let us consider
It is difficult to derive any clear conditions for the definiteness or semi-definiteness of the matrix (Ω K −Ω δ ). If we assume that both δ ij and φ ij have a symmetric and platykurtic distribution (e.g., normal), then the quantity (N(K ) − N δ ) vanishes and (semi)definiteness of the matrix Θ ensures the dominance of one estimator over the other. Using the following lemma, we check the (semi)definiteness of the matrix Θ and obtain the dominance conditions for the superiority of one estimator over the other when 
Simulation study
The asymptotic distribution of the estimators explain the behavior and properties of the distribution of estimators when sample size is large. To study the finite sample properties of the estimators, we conducted a Monte-Carlo simulation experiment. Another objective of the Monte-Carlo simulation experiment was to study the effect of departure from normality of the distribution of measurement errors and random error component, on the finite sample behavior of the estimators. We used the following distributions for this purpose:
(i) Normal distribution (having no skewness and no kurtosis), (ii) Student's t distribution (having zero skewness but non-zero kurtosis) and (iii) Gamma Distribution (having both non-zero skewness and non-zero kurtosis).
We considered two sample sizes n = 25 and n = 45 which can be considered as small and large samples, respectively.
We chose the following values of other parameters to generate the observations: (1, 1, 1) . The observations from all the distributions were scaled suitably to have zero mean and the same variance as specified in the different combinations. The reliability matrix K X = (
can be obtained with these set of values and is used in constructing the estimators, b Tables 1-6 , it can be seen that the variability of all the estimators decreases as the sample size increases under all distributions of measurement errors under consideration, viz., normal, t, and gamma,. This clearly establishes the consistency property of the estimators as explained by the asymptotic theory. We observe, under all the distributions of measurement errors, that
where ≤ L implies Löwner ordering. For the two square matrices G 1 and
definite. Thus it is clear from (5.1) that b (2) K is better than b (3) K and b (4) K both b (3) δ is better then b (2) δ and b (4) δ both under the criterion of Löwner ordering of EMSEM. Since the dominance conditions stated in the earlier Section depend on the unknown parameters, so we also verified them under the given parametric set up. The dominance under simulated results goes as per the dominance conditions based on asymptotic theory in most of the cases.
In order to have an idea about the effect of prior information on the efficiency of the estimators, we compared the EMSEM of unrestricted estimators b δ is increased, the Table 1 Empirical bias vectors and empirical mean squared error matrices of b
K and b (4) K when measurement errors and random error components follow normal distribution. Table 2 Empirical bias vectors and empirical mean squared error matrices of b
K and b Table 3 Empirical bias vectors and empirical mean squared error matrices of b
K and b Table 4 Empirical bias vectors and empirical mean squared error matrices of b
δ and b Table 5 Empirical bias vectors and empirical mean squared error matrices of b
δ and b Table 6 Empirical bias vectors and empirical mean squared error matrices of b
δ and b (4) δ when measurement errors and random error component follow gamma distribution. K (l = 2, 3, 4) under t distribution are higher than under normality. However this difference is very small. Such a difference becomes higher when the degree of freedom of t distribution are decreased, which in turn increases the coefficient of kurtosis of t distribution. We have obtained results for t distribution with 12 and 8 degree of freedom. On the other hand, the variability is smaller under gamma distribution than under t and normal distributions. This decrement becomes very high when the shape parameter of gamma distribution is decreased from 5 to 2. Note that the skewness of gamma distribution increases when shape parameter is decreased. Also, σ 2 φ does not significantly affect the variability of b 
δ decreases significantly when the sample size is 25. This change is not significant when the sample size is large. The changes in the variabilities of b (2) δ and b (3) δ are not significant. The difference between the variabilities of b (2) δ and b (4) δ in case of the t distribution, is higher than under the gamma distribution of measurement errors. The difference in the variability of b (3) δ under t and gamma distributed measurement errors is not significant. In large samples, the variability of b (2) δ , b (3) δ and b (4) δ are almost the same under the t and gamma distributed measurement errors. Thus, the difference in the EMSEM of different estimators under the t and gamma distributed measurement errors with their corresponding values under normally distributed measurement errors, is significant. The magnitude of such difference essentially depends on the direction and magnitude of the departure from symmetry and peakedness of the distribution of measurement errors. Such changes are also explained by the asymptotic theory. The effect of departure from normality is seen to be more prominent in small samples than in large samples.
Conclusions
We have proposed three methodologies to utilize the prior information in constructing the consistent estimators that also satisfy the linear restrictions in a measurement error model. Utilizing the additional knowledge of the reliability matrix of the explanatory variables and covariance matrix of the measurement errors in explanatory variables, we have derived three different estimators in each case. Without assuming any distributional form of measurement errors and random error component, we have derived the asymptotic distribution of the estimators under a multivariate ultrastructural model. The dominance conditions of the estimators under each specification of additional knowledge, and between the two types of information, are derived under the criterion of Löwner ordering based on the asymptotic covariance matrices. Such dominance conditions can be checked by finding the eigenvalues of a certain matrix. The findings from a Monte-Carlo simulation experiment shed some light on the finite sample properties of the estimators. Some ideas about the role and effect of individual measurement error variance and dominance of estimators is reported, which is based on simulated results. The effect of non-normality is more prevalent in small samples than in large samples and when the coefficients of skewness and kurtosis are high.
We have used a very general framework for incorporating the non-stochastic linear restrictions in the measurement error model. Such framework of linear restrictions is also used in developing the tests of hypothesis in a general framework, developing pre-test estimators under the theory of preliminary test estimation, studying the structural change in the parameters etc. So our methodology can also be used in such a setting. The set-up of measurement error model considered in this paper is a particular case of structural equation model (SEM). So the approaches presented in this paper can also be extended to SEM. These are some areas for the further research in this direction. Proof. Proof follows by using the distributional properties of , ∆, Φ and following [38] .
With the help of Lemma 1, it can be shown that h = O P (1) and H = O P (1) . The estimation errors of the estimators
K and b (4) K are expanded using the large sample asymptotic approximation theory to find the asymptotic distributions.
From (3.5),
b
(1) 
where and (A.14). The proof of the results in Theorem 2 can be followed from [14, 35] .
